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ABSTRACT
With the rise of wearables, haptic interfaces are increasingly
favored to communicate information in an ambient manner.
Despite this expectation, existing guidelines are developed
in studies where the participantâA˘Z´s focus is entirely on the
haptic task. In this work, we systematically study the cognitive
load imposed by properties of a haptic signal. Participants
wear a haptic device on their forearm, and are asked to perform
a 1-back task. Each experimental condition isolates an individ-
ual property of the haptic signal (e.g., amplitude, waveform,
rhythm) and participants are asked to identify the gradient of
the data. We evaluate each condition across 16 participants,
measuring participantsâA˘Z´ response times, error rates, and
qualitative and quantitative surveys (e.g., NASA TLX). Our
results indicate that gender and language differences may im-
pact preference for some properties, that participants prefer
properties that can be rapidly identified, and that amplitude
imposes the lowest cognitive load.
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INTRODUCTION
With the increasing adoption of wearable devices, there has
been a renewed interest in haptics as an alternative to tradi-
tional graphical user interfaces (GUIs). This interest is pri-
marily because haptic signals can be perceived in an ambient,
discrete, and passive manner [17] and with a smaller response
time compared to visual and auditory modalities [24]. Addi-
tionally, haptics have been shown to be a robust alternative
to visual communication methods when the userâA˘Z´s visual
channels are under high cognitive load [7]. Thus far, much of
the work on haptics has been focused on low-level perceptual
studies such as defining haptic properties [3] and studying
the perceptual limitations such as just noticeable differences
(JND) of those properties [9, 22], on perception and mapping
of haptic patterns [2, 13], or on meaning association of haptic
patterns [16, 25, 26]. Despite the widely-held expectation
that haptics are effective ambient interfaces, prior empirical
work examines haptics in isolated environments where the
participantâA˘Z´s attention is focused entirely on the haptic
task. There is a gap in systematically studying how these
haptic properties and patterns are interpreted ambiently under
cognitive load.
In this paper, we explore five haptic properties — amplitude,
waveform, duration, rhythm, and spatio-temporal pattern —
first introduced by Brewster et al. [3], and evaluate how ef-
fectively they encode information under cognitive load. We
conduct a study with 16 participants, who each wear a hap-
tic feedback device on their forearm. Participants perform a
primary delayed response task (the 1-back task [19]) and are
asked to simultaneously interpret a haptic signal. The haptic
signal encodes data using only one of the five properties, and
we determine the degree to which it interferes with the primary
task by measuring the time taken by participants to respond,
and their error rate. We also administer qualitative and quan-
titative post-study surveys (e.g., the NASA-TLX [10, 11]) to
gather participants’ subjective experiences and preferences.
Our results show that the Amplitude condition, followed by Du-
ration had the least cognitive load, and the best performance
score on both the n-back and the haptic task. This result
aligned with the participant preference in the post-experiment
survey as well as the NASA-TLX survey. Waveform followed
by Rhythm imposed the highest cognitive load, and Rhythm
had the worst performance score on both the n-back and the
haptic task. However, the NASA-TLX and participant prefer-
ence showed that Waveform had the highest mental demand
and was the least preferred by the participants as well.
RELATED WORK
Chan et al. [5] identify four factors when designing haptic
signals: how easily stimuli can be associated with the target
meaning, how easily discernible an item is in a set, the salience
of an individual stimulus, and whether that saliency persists
under cognitive workloads. Prior work in haptics has primarily
focused on the first three components. For instance, studies
have been conducted to determine the perceptual limitations
of haptic properties including identifying the just noticeable
differences (JND) in amplitude, frequency, and rhythm [22,
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28, 9], the thresholds for identification [1], discrimination [12]
and resolution [20], and the impact of body location [2].
Researchers have begun to codify these experimental results
into heuristics and tools for haptic design. For example, Ternes
and MacLean proposed and empirically validate a series of
heuristics for rhythm design [30] finding that note length and
unevenness are key characteristics for discriminability. Simi-
larly, Israr et al. introduce a library of haptic vocabulary, or
mappings between linguistic and haptic patterns and, through
VizBiz [27], Seifi et al. taxonomize haptic characteristics and
expose it via an interactive tool for end-user customization.
Despite this work, and a long-running recognition that de-
sign guidelines can spur the development of new haptic inter-
faces [16], much current-day haptic design remains ad hoc.
Designers often approach their respective problems through
an iterative approach and by testing each iteration (e.g., as de-
scribed by the authors of ActiVibe [4] or HaNS [29]). Where
current haptic guidelines have been used, designers have found
them wanting. For example, Prasad et al. [23] use waveform
and spatio-temporal patterns to communicate verb phrases
through haptic models, and their design choices are informed
by the heuristics described above. However, on evaluating
these designs, haptic performance fared poorly in comparison
to auditory performance — these performances differences are
not well-captured by existing design guidelines.
We believe that this gap is due to a lack of work around Chan’s
fourth factor: how well the saliency of different haptic char-
acteristics persists under cognitive load. Most empirical work
around haptics has had participants attend primarily to the hap-
tic signal, which does not mimic the real-world use cases of
haptics as transparent interfaces [16]. When haptic interfaces
have been studied in situ [29], it has not followed the system-
atic approach of empirical studies. Thus, it has been difficult
to refine existing design heuristics and guidelines to reflect the
cognitive performance of different haptic characteristics.
Our work begins to address this gap. We isolate five
haptic properties from Brewster et al.’s taxonomy [3] —
amplitude,waveform, duration, rhythm, and spatio-temporal
pattern — and have participants perform a delayed digit recall
task (the 1-back) designed to emulate the auditory and memory
load of daily tasks [19]. We measure participants’ performance
and error rate on both tasks, and gather qualitative and quanti-
tative preferences via the NASA-TLX survey [10, 11]. This
setup is inspired by work in the automotive industry examin-
ing the cognitive impact of car interfaces on drivers [18] as
well as work studying the impact of multi-modal interfaces
on cognitive load [14]. Our goal is similarly inspired by work
on graphical perception in the data visualization literature [6]
which has developed an effectiveness ordering of visual chan-
nels (e.g., position, color, size).
HAPTIC DEVICE PROTOTYPE
The haptic device consists of four Linear Resonant Actuators
(LRA). Each actuator is driven by a motor driver (DRV2605L)
that has a preset library of over 100 waveforms and amplitudes.
Each motor driver is connected to the Bluetooth-enabled Ar-
duino board via a multiplexer for individual control. The
Figure 1. Design Typologies: Our design spectrum spanned from more
device-like designs to more biologically-inspired designs. The final de-
sign was in the middle of this spectrum.
(c)
(a)
(b)
Figure 2. Left: An assembly diagram of the haptic device. (a) actuator
housing (b) Four LRAs (Linear Resonant Actuators) (c) silicone casing;
Right: Photo of the device prototype.
LRAs are chosen instead of the Eccentric Rotating Mass mo-
tors due to their robustness, the consistency of the vibration
pattern they produce and their efficiency.
Four motors are arranged in a line to create the spatio-temporal
pattern experimental condition (explained in the next section).
Each actuator has a 3D-printed housing and is embedded in a
high performance, skin-safe silicone rubber casing (see figure
2). The silicone casing conforms to the userâA˘Z´s body. This
design allows for maximum skin contact with the actuators
and the silicone provides the flexibility needed for the device
to maintain full contact with the skin. The device is secured to
the participant’s forearm using medical-grade tape.
A number of physical forms were explored for the design of
the silicone casing, ranging from more device-like to biologi-
cally inspired forms. The final design used in this experiment
was in between the design spectrum of the two typologies (see
figure 1). Additionally, the design iterations explored a 2x2
arrangement of the actuators as well as a linear arrangement.
The linear arrangement was selected because it allowed for ex-
ploration of multiple spatio-temporal patterns and sequences.
EXPERIMENTAL DESIGN
To determine the effectiveness of haptic design while under
cognitive load (the fourth goal identified by Chan et al. [5]),
we conducted a within-subjects laboratory study with five
conditions. Participants performed two tasks simultaneously:
the 1-back delayed response task, and a haptic detection task
where the gradient of the signal was encoded using one of five
haptic properties identified by Brewster et al. [3].
1-back Task
The 1-back task is a delayed digit recall task developed by the
MIT Agelab [19]. The participant is presented with a random
sequence of auditory stimuli (single digits 0 – 9) and are re-
quired to respond with the next-to-last stimuli presented. This
task design approximates the type of auditory and memory
load that is induced in daily tasks(e.g., having a phone call
or a conversation). We measured participants’ error rate and
recorded their voice to later identify their response time. Each
experimental condition comprised 60 digits, with the first 10
digits used to establish a participant’s baseline performance
before the secondary task was introduced.
Experimental Conditions: Haptic Gradient Detection Task
For the secondary task, participants were asked to identify
the gradient of the haptic signal using their dominant thumb
(i.e., thumbs up if they perceive the signal to be increasing,
and down for decreasing). The signal was encoded using
only one of five properties drawn from Brewster et al. [3].
We were unable to study frequency due to limitations with
the actuators we used in our prototype device. We further
eliminated body location based on feedback from pilot study
participants described in the subsequent subsection. To reduce
confounds, each condition was optimized using existing just
noticeable difference (JND) guidelines, and was further refined
through piloting to ensure discernibility. Additionally, during
an initial training phase, the amplitude was tuned to ensure
the lowest vibration can be felt by the participant. We used
an 80% amplitude base wave as the basis for all signals, and
based on the participant sensitivity, the lowest threshold was
set to either 40% or 60%.
The five experimental conditions are as follows (see Fig.3):
1. Amplitude, or varying the intensity of stimulation. In our
design the up signal was stronger (100% amplitude) than the
down signal (40% or 60% based on participant sensitivity).
2. Rhythm, or varying how pulses are grouped, or the spacing
between pulses. In our design, we used 3 pulses for both
conditions. The up signal pulsed more quickly with a 500ms
interval, and the down signal pulsed more slowly with a 1s
interval between pulses.
3. Duration, or varying the length of one pulse. In our design
the up signal was the same length as the base wave, and the
down signal was 3x longer than the base wave.
4. Waveform, or varying the shape of the wave. In our design
the up signal was a ramp going up and the down signal was
a ramp going down (low threshold set to 40% or 60%).
5. Spatio-temporal Pattern, or changes in active actuators
over time. As this dimension presents a rich and continuous
design space, we picked two alternative designs for simplic-
ity. Our haptic device has four actuators and in all the above
conditions the middle two actuators are active. Under this
condition, we used the same wave for both up and down
Base Wave
Amplitudes: 
Active 
Actuators:100% 80% 60% 40% 
Amplitude:
Rhythm:
Length:
Waveform:
Spatio-temporal 
Pattern:
Figure 3. The five experimental conditions of our study. The top row dis-
plays the base waves we used, derived from the DRV2605 built-in haptic
library. The left-hand side shows how these base waves encode an up or
down signal for each experimental condition (note, the lowest amplitude
is set to 40% or 60% based on each participant’s detection threshold).
The right-hand side shows which actuators are active for the condition.
signals but varied the set of active actuators — the first two
actuators are active for up and the second two for down.
Pilot Study
We arrived at our experimental design after conducting a series
of pilot studies. Our pilot design focused on testing two haptic
signal designs (encoding gradient as either the waveform or a
combination of duration and rhythm) along two body locations
(the forearm and upper back) and two spatio-temporal patterns
(pattern or no pattern) for a total of 8 experimental conditions.
We installed a haptic device on both body parts at the start of
a study session, which was was broken into two phases: in
the first phase, participants felt one of the two signal designs
on both body parts and with both types of spatio-temporal
patterns; then, after a 5 minute break, the study resumed with
the second signal design. Participants were tasked with both
the 1-back and gradient detection task, and we measured their
error rate. We conducted the pilot with 6 participants, who
were compensated $10 for their time.
Piloting helped us refine our experimental design. We decided
to measure response times on the 1-back task, as error rates
alone did not reflect variations in performance observed by
researchers. We chose to additionally administer the NASA-
TLX survey [10, 11] to capture participant preferences. Per-
haps most dramatically, we scoped the final design down to
studying each haptic property in isolation. We eliminated the
body part conditions as participants universally disliked the
neck position for its inconvenience. Additionally, all partici-
pants performed better with the second haptic signal design
but it was difficult to ascertain why as it entangled two proper-
ties (duration and rhythm). Finally, isolating haptic properties
as experimental conditions affords a more uniform design:
spatio-temporal patterns are now just one condition, rather
than a component studied in conjunction with other properties.
(c)
(b)
(a)
(d)
(e)
(f)
Figure 4. The study setup: (a) one researcher conducted the 1-back task,
and recorded errors from (b) the participant; (c) another researcher pro-
vided the haptic stimulus and recorded errors to the secondary task; (d)
the participant used their dominant thumb to indicate a signal up or
down; (e) the haptic device was worn on the participant’s non-dominant
forearm, and was (f) connected to the researcher’s laptop.
Procedure
16 participants (9 female) were recruited via departmental
mailing lists and through word-of-mouth. They ranged from
21âA˘S¸32 years of age, and received a $15 gift card as compen-
sation. The study was conducted in a private meeting room
on the university campus. In addition to the participant, two
researchers were also present in the room (Fig. 4) to control
and record performance on each of the two tasks.
The study took approximately 60 minutes to complete. Par-
ticipants first read and signed a consent form, and researchers
provided an overview of the study and explained its goals.
The 1-back task was explained, and participants had the op-
portunity to practice. Once participants felt ready, researchers
installed the haptic device on participants’ non-dominant hand,
and explained the haptic task. Participants were given a demo
of the up and down signal variants for the first condition, and
were instructed to use their dominant thumb to indicate the di-
rection they perceived the haptic signal. Participants received
10 random trials of the up or down signal, to practice interpret-
ing the haptic signal, and indicating its gradient. If participants
were unsure of the gradient, they were instructed to leave their
thumb in the horizontal position.
Once training was complete, and once participants were ready,
they began to perform the two tasks simultaneously. For each
condition, participants received the first 10 digits (of 60 total
digits) of the 1-back task without any haptic signal to estab-
lish a baseline. We determined performance by measuring
participants’ response time and error rate on each task.
At the end of each condition, participants completed a short
survey to determine the interpretability of the signal. This
survey also contained 5 questions from the NASA-TLX [10,
11] measured on a 5-point Likert scale: (1) How mentally de-
manding was the task? (2) How hurried or rushed was the pace
of the task? (3) How successful were you in accomplishing
what you were asked to do? (4) How hard did you have to
work to accomplish your level of performance? (5) How inse-
cure, discouraged, irritated, stressed, and annoyed were you?
Finally, participants were asked to provide any open-ended
feedback about the condition’s haptic signal design.
At the conclusion of the study, participants completed an exit
survey. The survey collected demographic information includ-
ing their age, gender, ethnicity, and native language — native
language was asked to determine the cognitive load imposed
by the 1-back task on non-native speakers. The survey also
asked participants to rank the different conditions based on
difficulty in the training and test phases, comment on their
current or past use of wearable devices, their preference with
regards to body placement of the device, and any comments
about their overall experience.
RESULTS
We used non-parametric statistical methods throughout the
analysis to account for the skew in the data and the fact that
some responses were ordinal (e.g. Likert Scales). When com-
paring time or performance scores across conditions, we used
the Kruskal-Wallis test, which allowed us to assess whether
there was a difference in the median values between the five
haptic conditions. For all other pairwise comparisons, we
used the Wilcoxon test for data coming from the same partic-
ipant (with RâA˘Z´s wilcox.test function with argument âA˘Ÿ-
pairedâA˘Z´ set to âA˘ŸTrueâA˘Z´) and the Mann-Whitney test
for independent samples (RâA˘Z´s wilcox.test function with
argument âA˘ŸpairedâA˘Z´ set to âA˘ŸFalseâA˘Z´). For each raw
p-value reported in the analysis, we also provided an alterna-
tive adjusted p-value computed via the Holm method. Out
of the 16 participants, 9 were female, and 7 were male. To
facilitate reproducibility, our collected and analysis notebooks
are included as supplementary material.
Response Time Comparisons
We observed that participants were faster in Amplitude, fol-
lowed by Duration, Spatio-Temporal Pattern, Rhythm and
Waveform. Following a statistically significant Kruskal-Wallis
test (H=10.251, df = 4, p-value = 0.0364), a post hoc pair-
wise comparison with the Wilcoxon test indicated that Ampli-
tude median time was significantly shorter compared to both
Rhythm (V = 6, p-value = 0.0004272, Holm adjusted p-value
= 0.0038) and Waveform (V = 3, p-value = 0.0001526, Holm
adjusted p-value = 0.0015) (results figure in Table 5).
We also found that Rhythm was significantly longer than Du-
ration (V = 17, p-value = 0.006287, Holm adjusted p-value =
Amplitude Pattern Rhythm Waveform
Pattern 0.203 - - -
Rhythm 0.004 0.392 - -
Waveform 0.002 0.701 0.991 -
Duration 0.701 0.991 0.050 0.392
Figure 5. P-value Summary from Post hoc Pairwise Comparisons Using
Wilcoxon Signed Rank Test with Holm Adjustment.
Amplitude Waveform Duration Rhythm Pattern
All median 0.963 1.230 1.117 1.219 1.127
mean 0.973 1.202 1.057 1.192 1.103
std.dev 0.197 0.241 0.294 0.283 0.288
Female mean 0.983 1.195 1.131 1.258 1.201
Male mean 0.960 1.211 0.961 1.106 0.976
W Stat 30.000 34.000 44.000 46.000 47.000
pval 0.918 0.837 0.211 0.142 0.114
Holm 1.000 1.000 0.632 0.571 0.571
0.50
0.75
1.00
1.25
1.50
Amplitude Pattern Rhythm Waveform Duration
Condition
Av
er
ag
e 
Ti
m
e 
(in
 se
co
nd
s)
Gender
Female
Male
Figure 6. Response Time Differences by Gender across Conditions.
0.0503); however, this effect was attenuated after HolmâA˘Z´s
adjustment in the pairwise comparison, it remained statisti-
cally significant. Overall, we visually observe that female
participants had longer times but also more widely spread
distributions compared to males (see figure 6).
Performance in the 1-back Task across Conditions
Although we did not obtain statistically significant differences
amongst conditions (see figure 7). We did observe a visual
trend in increased performance at the 1-back task for Am-
plitude and Duration (see figure 7). We also observed that
performance in Rhythm was the lowest. When breaking down
results by Gender, we found that males scored significantly
higher in Rhythm (W = 12.5, p-value = 0.048) and we almost
found a significant difference in Spatio-Temporal Pattern (W
= 14, p-value = 0.068). While the Holm correction attenuates
these effects, we see in the raw data that in contrast to female
participants, all males consistently score above thirty points.
Performance in the Haptic Gradient Detection Task
While the Kruskal-Wallis analysis between conditions did
not yield statistically significant results, we observed higher
scores during both Amplitude and Duration which interestingly
yield very similar distributions (see figure 8). Similarly to
the scores from the 1-back task, we also see a decrease in
Amplitude Waveform Duration Rhythm Pattern
All median 38.000 37.500 39.000 37.000 37.500
mean 37.063 36.750 37.125 35.875 36.188
std.dev 4.582 3.088 3.612 5.201 4.102
Female mean 36.333 36.333 35.889 34.111 34.556
Male mean 38.000 37.286 38.714 38.143 38.285
W Stat 28.000 26.000 19.000 12.500 14.00
pval 0.746 0.593 0.194 0.048 0.068
Holm 1.000 1.000 0.582 0.239 0.274
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Figure 7. 1-back Task Scores.
performance in Rhythm for both male and female participants.
After conducting a more in-depth comparison between males
and females showed a difference nearing significance in Spatio-
Temporal Pattern (W = 16.5, p-value = 0.095). While the
Holm correction further attenuates these effects, upon visual
inspection, we can see that scores from male participants tend
to aggregate towards higher values on the scale (see figure 8).
NASA-TLX Survey Responses
A subset of questions from the NASA-TLX allowed us to learn
more about each subjectâA˘Z´s perceived workload and perfor-
mance for each condition (see figure 9). We observed that
overall participants scored Amplitude as the least demanding
condition (Question 1) but also the most successful (Question
3). Interestingly, this is consistent with both time and perfor-
mance data. Besides, Amplitude was the task were participant
reported having worked the least hard to achieve their level of
performance (Question 4) and being the least insecure (Ques-
tion 5). On the other hand, Waveform and Spatio-Temporal
Pattern ranked overall highest in mental demand (Question
1). Waveform was, on average, ranked as the most difficult
(Question 4) as well as least successful (Question 3). When we
took a closer look at differences between genders, we observed
additional trends. In all conditions except Amplitude, female
participants rated themselves as least successful as male par-
Amplitude Waveform Duration Rhythm Pattern
All median 13.000 12.500 13.000 12.500 12.500
mean 12.500 12.000 12.625 11.938 12.063
std.dev 0.730 1.211 0.885 1.436 1.389
Female mean 12.333 11.778 12.444 11.444 11.556
Male mean 12.714 12.286 12.857 12.571 12.714
W Stat 24.500 25.500 28.000 17.500 16.500
pval 0.424 0.527 0.641 0.124 0.095
Holm 1.000 1.000 1.000 0.498 0.477
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Figure 8. Haptic Gradient Detection Scores.
ticipants did. Female participants also rated Waveform as
the most mentally demanding (Question 1) and most difficult
condition (Question 3). Male participants rated Duration on
average as the most mentally demanding (Question 1) and
most difficult condition out of the five (Question 3). Lastly, we
observed that female participant rated themselves consistently
higher than their male counterparts across conditions as more
insecure, discouraged, stressed, and annoyed (Question 5).
We asked all participants to rank the five conditions based on
how easily they were able to discern haptic patterns before and
after combining it to the 1-back task with âA˘Ÿ1âA˘Z´ being the
best and âA˘Ÿ5âA˘Z´ the worst condition. We, subsequently, av-
eraged those responses and grouped them by gender. While the
sample size was relatively small, and the statistical tests were
not significant, we were able to observe several trends (see fig-
ure 10). Both male and female participants ranked Waveform
and Rhythm as more difficult and Amplitude as less difficult
when the 1-back task was added. Interestingly, for Duration
and Spatio-Temporal Pattern opinions shift between genders.
Opposite to females, males ranked Duration as harder and
Spatio-Temporal Pattern as easier. These results are consistent
with the NASA-TLX Survey responses as well as with the
time and performance scores described in previous sections.
Response Time Trends across Trials
We computed rolling averages to uncover patterns relative to
the passage of time within each condition. A window of four,
allowed us to smooth the lines enough so that trends become
more prominent while preserving most of the original structure
in the data (see figure 11). A steep slope becomes apparent
as participants transition from the training phase (Trials 1 to
10) to the experimental phase, where they become exposed
to the haptic signal. Strikingly, response time remains rela-
tively stable in Amplitude while it increases in Waveform and
Rhythm which suggests that there is no habituation for these
two conditions. Lastly, we observe an increase in response
time across all five conditions after the fiftieth trial.
Summary
The three data-points collected from the experiment were the
response time data from the n-back task, the performance score
on the n-back task, and the performance score on the up/down
Haptic Gradient Detection task. We consider the response
time in the n-back task to be a good indicator of cognitive load
imposed on the participant by the haptic condition.
Results from all participants showed that the response time for
Amplitude was significantly shorter than Rhythm and Wave-
form. Amplitude was followed by Duration which was sig-
nificantly shorter than Rhythm as well. Although we did not
find any statistically significant results on the performance
score on the n-back task and on the haptic task, we observed a
visual trend whereby participants performed best on both tasks
with the Amplitude and Duration condition. Interestingly, the
participant preference on the NASA-TLX survey validated
this finding. Overall, participants found Amplitude to be the
condition ranked as least demanding and most successful.
On the other hand, while not statistically significant, our re-
sults revealed that Waveform followed by Rhythm were the two
conditions the participants took the longest to complete. We
also found the lowest scores in Rhythm and Spatio-Temporal
Pattern on the n-back task, and Rhythm, Waveform, and Spatio-
Temporal Pattern on the haptic task. This finding also aligned
with the NASA-TLX results where Waveform and Spatio-
Temporal Pattern ranked as highest mental demand, and Wave-
form was ranked as least successful and most difficult.
DISCUSSION
In this paper, we begin to systematically study how effectively
different haptic properties are able to encode information un-
der cognitive load. In contrast to prior studies, where partici-
pants primarily attend to the haptic task, our work takes one
step closer to the in situ, real-world situations where haptic
feedback is perceived in an ambient fashion. In addition to
revealing differences in response time and error rate, our re-
sults also show that the participant preferences change when
ranking a haptic property in isolation compared to ranking it in
the context of a primary task (see Fig. 10). In this section, we
will discuss the implications of our findings on the design of
haptic interfaces, as well as limitations and future directions.
Impact of Signal Length and Time
Our results showed that the Amplitude and Duration condi-
tions outperformed Waveform and Ryhthm. One explanation
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Figure 9. NASA-TLX Responses by Gender across Conditions
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Figure 10. Changes in participant preference ranking of experimental
conditions before (during the trial period of the haptic gradient detection
task) and after (during the combined haptic gradient detection task and
the primary task)
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for this result might be differences in the length of the haptic
signal. Analyzing participants’ qualitative feedback revealed
that longer signals, and especially the signals that change
over time, are more difficult to understand during a simul-
taneous task as they require shifting attention for a longer
period of time. On the other hand, signals that are instantly
distinguishable and identifiable are easier while performing
a simultaneous task. Although this point was noted by six
participants in some way, one participant noted that Waveform
was their favorite condition because they could “take their
time to process the signal” and attend to it at their convenience.
This contrast in opinions may suggest that people employed
differing cognitive strategies to complete the two tasks, which
impacted the signal design they preferred.
Baseline Independent Signals
The post-experiment survey also revealed that the participants
preferred signals which did not rely on a baseline comparison.
For example, the Waveform condition used a ramp design to
indicate up or down. Therefore, the difference between the
two signals was inherently built into each signal and did not
rely on a comparison between the two signals. This can be
an important factor to remember when having more than two
signals to communicate or when the frequency of informa-
tion being communicated is low (e.g., one signal every hour).
However, if the difference between the two signals is very
clear (e.g., low amplitude is perceptible but extremely weak
and high amplitude is very strong), participants do not per-
form a comparison between the two signals, and thus such an
encoding can also be used in less frequent applications.
Participant Mental Model
The last important factor that impacted participant preference
was how well the signal matched the user’s expectation or
mental model. Specifically, we found that some participants
did not find the Spatio-temporal pattern intuitive due to the
horizontal orientation of the haptic device on their forearm.
Ironically, we chose this orientation specifically for this ex-
perimental condition, hypothesizing that it may be beneficial
to the actuators aligned along the cutaneous nerves [8]. This
decision resulted in a trade-off for intuitiveness because the
vertical orientation may have better matched participants’ men-
tal model for up/down. One interesting observation is that one
participant had a 0% accuracy on the up/down task in the
Spatio-temporal pattern condition. This participant noted that
because the reverse pattern made more sense, they subcon-
sciously adjusted the encoding to mean the reverse of what the
experiment had intended. They realized this reversal mid-way
through, but decided to continue with their preferred encoding.
As a result, we counted their accuracy on this test as 100%.
Individual Preferences
Our results also point to several opportunities for personal-
izing signals based on perception thresholds and individual
preferences. In the qualitative surveys, we find that subjective
ratings and comments were not uniform. For example some
participants found Waveform and Rhythm to be the most intu-
itive whereas others found them the least intuitive. Although
Amplitude and Duration were statistically shown to impose a
lower cognitive load overall, the impact on performance based
on individual preferences should be studied further. The min-
imum and maximum comfortable amplitude for participants
was also different. Thus, it is important to do a calibration
phase to ensure that the highest amplitude does not startle the
participant and that the lowest amplitude can be felt but is not
too strong. This calibration can also become a standard feature
in developing wearable haptic devices where the user can set
their minimum and maximum desired amplitude and that can
be applied to all haptic signals used in the device.
Limitations
Our results indicate that participants’ gender or native lan-
guage significantly affects performance and preference. As
most of our female participants were also non-native English
speakers, it is difficult for us to disentangle these two fac-
tors. The male/native group, preferred Duration and Spatio-
temporal patterns and males nearly significantly performed
better on the Spatio-temporal patterns. Our female/non-native
group had, on average, a longer response time across all condi-
tions which may imply an increased cognitive load compared
to the male/native group.
Given these differences, future work might consider control-
ling these factors in separate studies. Additional tweaks to the
tasks may also help better isolate these effects. For instance,
future studies may consider using a shape-back task (rather
than an n-back task). And, rather than asking participants to
repeat the item out loud, a simple interface (whether paper or
digital) could be used (e.g., participants could point or click
on the item). Such an interface may also provide more precise
measurements of response times (whereas our current design
relied on a digital timer operated by the same researcher). Of
course, such changes would need to be empirically validated
outside of the specific context of haptic interfaces to determine
how they affect participants’ cognitive load in comparison to
the n-back task.
Our female/non-native population also reported higher stress
ratings on the NASA-TLX survey. Future work might consider
measuring these values more precisely (e.g., using galvanic
skin response as a proxy [31]) to both determine the degree to
which self-reported scores match, but also to assess the impact
of stress on cognitive load and the effectiveness of the haptic
properties. Such a design may suggest that particular proper-
ties are more desirable in high- or low-stress environments.
Future Work
This paper takes a first step at studying the fourth haptic design
factor identified by Chan et al. [5]: how the saliency of haptic
signals persists under cognitive workloads. Our results suggest
several promising directions for future work.
To simplify our experimental design, we chose only a sin-
gle body location and two spatio-temporal patterns. Future
research should investigate the degree to which positioning
the device for the motor clusters to be supplied by different
cutaneous nerves makes a difference in participant perfor-
mance [8]. Similarly, future work could investigate the effect
of spatio-temporal patterns on various body parts — in our
pilot we found that the perception of signal in the neck is
different from the upper back. Moreover, sensors placed on
bones produce different sensations compared to fatty tissues,
and some body locations offer the opportunity to include the
two in close proximity (e.g., the chest). In the post-experiment
survey, participants reported wrist, hand, forearm, belly, back,
neck, and arm as possible locations they would consider using
a haptic wearable device. Two participants noted that they
would have different preferences based on the specific use.
These body placements can be explored as alternatives.
Perhaps most exciting is systematically extending the design
of the haptic signal. To scope our study, we made two simpli-
fying choices. First, our haptic signal encoded only a single
bit of information: whether the signal is going up or down.
Prior work, although it has not studied the cognitive workload
impacts, has used haptic feedback to encode discrete (nominal
or categorical) information (i.e., tactile icons). How to use
haptic feedback to communicate continuous or quantitative
information remains a rich and open question. Our results
already indicate that there may be an effectiveness ordering
to the haptic properties (see Fig. 11). Extending our work to
these alternate data types will allow us to develop this ordering
more robustly (akin to the effectiveness orderings for visual
channels by data type [21]). Second, we chose to study each
individual haptic property (e.g., amplitude, waveform, dura-
tion, etc.) in isolation. During our pilot studies, we observed
that if multiple properties were used to encode information
redundantly (e.g., via amplitude and duration) or different
properties were jointly used (e.g., three short pulses for going
up vs. one long pulse for going down), it was easier for the
participant to understand the data. Here too, the visual percep-
tual psychology literature offers some inspiration by studying
and categorizing visual channels as integral, separable, or
asymmetric [15].
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